Abstract
In this paper, we present a field example where a streamline simulator was used to rank multi-million cell geostatistical reservoir descriptions and to find the optimum level of vertical upscaling for finite-difference simulation. During geostatitstical reservoir characterization, it is a common practice to generate a large number of realizations of the reservoir model to assess the uncertainty in reservoir descriptions and performance predictions. However, only a small fraction of these models can be considered for comprehensive flow simulations because of the high computational costs. A viable alternative is to rank these multiple 'plausible' reservoir models based on an appropriate performance criterion that adequately reflects the interaction between heterogeneity and the reservoir flow mechanisms.
In this study, we explore the use of ranking based on streamline time of flight connectivity derived from a streamline simulator. The time of flight reflects fluid front propagation at various times and its connectivity at a given time provides us with a direct measure of volumetric sweep efficiency for arbitrary heterogeneity and well configuration. The volumetric sweep efficiency is the simplest measure that reflects the interaction between heterogeneity and the flow field. It is a dynamic measure that can be easily updated to account for changing injection/production conditions. We show that the proposed connectivity criterion can also be used to evaluate the effects of vertical upscaling in the dynamic performance and to determine the optimal level of upscaling for numerical simulation purposes.
Our field study involves a Middle Eastern carbonate reservoir under a moderate to strong aquifer influx. The reservoir is on primary depletion and has no injectors. Multiple geostatistical reservoir descriptions were generated using a hierarchical approach whereby the larger level of uncertainty is defined first followed by smaller levels. The aquifer is modeled with a constant pressure boundary and for each time update, the location of the boundary was modified to account for the water encroachment. Using the field-wide sweep efficiency as a performance measure, the realizations were ranked, and used for flow simulation to assess risks associated with various development strategies. Subsequently, three selected realizations were upscaled for the purpose of comprehensive history matching and performance prediction.
Background
With the wide-spread use of geostatistics, it has now become a common practice to generate a large number of realizations of the reservoir model to assess the uncertainty in reservoir descriptions and performance predictions. Most commonly, these multiple realizations account for spatial variations in petrophysical properties within the reservoir and thus, represent a very limited aspect of uncertainty. For reliable risk assessment, we need to generate realizations that capture a much wider domain of uncertainty such as structural, stratigraphic, as well as petrophysical variations. From a practical point of view, we want to quantify the uncertainty and at the same time keep the number of realizations manageable. In this study, we will adopt an approach that is based on hierarchical principles. Thus, the uncertainty having the most potential impact is identified first. For example, with limited well control, the structural uncertainty derived from the seismic interpretations can have the most impact on the flow performance. Or, for faulted reservoirs, the uncertainty with respect to locations of faults can have the most impact. Then, the next level of uncertainty is identified and so on. The last level of uncertainty is the multiple geostatistical realizations of reservoir properties for a given set of input parameters. The petrophysical uncertainties generally tend to have a much lower impact on the reservoir performance compared to factors affecting large-scale fluid movements.
There are, of course, a variety of other sources of uncertainties. Uncertainties may exist related to fault representation, or log vs. core porosity representation, or inclusion of seismic data to alter porosities. For practical applications, we must keep the number of realizations to a manageable level. One way to accomplish this objective is to use, for each level of uncertainty, discrete distributions that can bound the uncertainties. For example, to represent
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One criticism often leveled at geostatistically generated realizations is that only a select few are ultimately used in the history matching process. Question is often raised about the purpose of multiple realizations if ultimately only one or very few will be used for history matching purposes. The second criticism is the upscaling of geostatistical realizations. Geocellular models tend to have millions of grid blocks. It is practically infeasible to use these models directly in the conventional flow simulators. We need to upscale these realizations before we can include them in a simulator. A relevant question here is: what is the appropriate level of upscaling so that critical heterogeneity details are still captured?
To address the first criticism, we need to conduct history matching of more than one realization so that we can capture the uncertainties represented by these realizations. A crucial issue here is to select representative realizations that will adequately represent the uncertainties in the reservoir performance predictions. We will resort to a streamline-based ranking criterion for this purpose.
1,2,3 Currently, several ways exist to rank multiple realizations. Realizations can be ranked based on highest pore volume, highest average permeability, closest reproduction of input statistics, and so on. Some type of permeability threshold connectivity can be used to calculate connected pore volume and rank the realizations based on such connectivity 4 . The drawback of these simple techniques is that they do not account for dynamic flow behavior.
Our choice for this study is ranking based on streamline time of flight connectivity derived using a streamline simulator. 1 Because the time of flight reflects fluid front propagation at various times, the connectivity in the time of flight provides us with a direct measure of volumetric sweep efficiency for arbitrary heterogeneity and well configuration. Besides, the proposed connectivity criterion often exhibits a strong correlation with water flood recovery and thus can be used for ranking stochastic reservoir models. 1 Using a streamline simulator, a large number of realizations can be ranked rapidly in terms of sweep efficiency, which is a quantitative indicator of connectivity. It is critical that the parameter to be used for ranking various realizations must be determined a-priori, since depending on the parameter selection the ranking can be different. It could be cumulative oil production after 10 years, or, water cut after 15 years, or sweep efficiency after 20 years, or something else. We need to select some critical parameter for that reservoir which can be used to distinguish pessimistic from optimistic realizations. Once the realizations are ranked, we can select three to five realizations for further investigation.
To address the second criticism, one needs to estimate the optimum upscaling such that the critical heterogeneities are still preserved. As in the previous paragraph, we can use streamline simulation to dynamically determine the optimum upscaling level. The most critical level of heterogeneity is in the vertical direction. We can use a simplified simulation for the geo-cellular model, and progressively upscale the reservoir model by combining layers, having similar sweep efficiency. We can continue to upscale the reservoir in the vertical direction until there is a marked change in the reservoir performance. Although the choice as to what is considered a significant deviation from the geo-cellular model is arbitrary (e.g., 10 % deviation from the fine scale model), using a consistent performance measure, we can capture important heterogeneity details during the upscaling process. A similar type of analysis can also be done to reduce areal grids. However, in general, the effect of areal upscaling -in the absence of a substantial number of faults -on reservoir performance is negligible.
Reservoir Model
An integrated reservoir characterization, followed by a flow simulation study was conducted for a naturally fractured carbonate reservoir. Structurally, the field is characterized by a gentle, simple, elongated anticline, plunging both in the NE and SW directions. It covers an area of approx. 160 km 2 . Oil is mapped over an area of approx. 130 km 2 . To date 39 wells (vertical and horizontal) have been drilled. Considerable uncertainty still remains with respect to the available data. Fault distribution was considered negligible for this field. However, a significant fracture distribution, in the form of fracture corridors, exists in the reservoir. It was interpreted stochastically based on seismic and borehole image data.
Structural modeling was done using 4 seismic-derived surface maps that bound 3 major reservoir units. Subsequently, 11 zones were generated within these 3 major units to honor the stratigraphical units previously defined by the geological interpretation. Within each of the 11 zones, a fine geo-cellular model was created with the vertical resolution similar to the resolution of the well logs, i.e., 2 ft. In the absence of any erosion and unconformity, the proportion method was used in generating the grid cells. The number of layers in the vertical direction is 93 and the total number of grid blocks in the static model is about 4.2 million grid blocks. Considering the uncertainty in the structural interpretation, 3 structure maps were used to represent the low, medium and high cases.
The 3D multiple realizations were generated by considering rock type and petrophysical properties (porosity, permeability and water saturation) at well locations, obtained from well logs and cores. These realizations were further constrained by seismic-derived porosity. The rock type at well locations was generated based on the Electro-Facies Approach, which resulted in 8 different Dominant Rock Type (DRT).
Two variogram models were developed and used in the geostatistical simulations. The first model is purely based on the well data (or hard data) whereas the second model is derived based on both hard and soft data. The soft data was derived from the sedimentology concept of the reservoir, i.e., depositional environment of each rock type. 7, 8 The simulations of properties were performed using sequential Gaussian simulation and the seismic constraint was introduced via the Bayesian Updating procedure. 9 This procedure generated consistent reservoir properties honoring the underlying rock type distribution.
Fracture distribution was used in the data integration process to match the core-derived permeability with well test permeability. 10 A total of forty-eight realizations were generated considering four major type of uncertainties: structure (3 cases), spatial model (2 models), petrophysical properties (2 cases) and geostatistical realizations (4 cases). The matrix of case examined is shown in Table- 1. The uncertainty in petrophysical properties, namely porosity and water saturation, was included to capture the errors in log measurements and interpretation methods and, also, to capture the difference between the core and log measurements. These realizations were then ranked and upscaled using streamline simulation as explained below. Subsequently, three realizations were selected and history matched successfully with minimal adjustments 11 .
Approach
Streamline Simulator. A 3-D streamline simulator was used in this study for modeling fluid flow in the reservoir. 5 Under a variety of conditions, the speed of the streamline simulator can be much faster than a conventional numerical simulator and is thus, particularly well suited for large scale flow simulations and ranking of geologic models.
During streamline simulation, first the pressure distribution and the velocity field in the reservoir are calculated. Up to this point the streamline simulator is not different from the conventional finite difference simulators. However, in streamline simulation the saturation calculations are decoupled from the underlying grid by introducing the streamline 'time of flight' coordinate. 6 The time of flight reduces the multidimensional saturation equation into a series of 1-D calculations along streamlines. This is part of the reason for the computational efficiency of streamline simulation. The change in saturations is calculated along the streamlines using analytic or numerical methods. Production response at the wells is obtained by solving the multiphase transport equations along streamlines in travel time coordinates and summing up their contributions.
The concept of time of flight is critical to streamline simulation and is defined as the time required for a neutral particle to travel from an injector to a producer (Figure 1) . The time of flight (total transit time) to a producer is determined by starting the particle trajectory at the producer and tracing the streamlines backwards in time until reaching an injector. The underlying assumption is that the streamlines do not shift significantly during the time step. Otherwise it is necessary to update the pressure distribution and therefore the trajectory of streamlines.
Despite its limitations, streamline simulation was wellsuited for the field application under consideration. The reservoir in this study was not gas bearing and gravity segregation was not a dominant feature impacting the reservoir flow. The reservoir performance was thought to be primarily governed by heterogeneity and aquifer influx. Thus, the streamlines needed to be updated only infrequently, leading to significant savings in computation time.
Simulation Model. The reservoir under consideration is in its primary depletion stage and producing under a strong aquifer influx. The aquifer was modelled with pressure specified pseudo-injectors along the boundary of the reservoir. That is, each grid cell along the aquifer boundary is treated as an injector with a pressure constraint. This allowed us reduce the number of grid blocks by removing grid blocks in the aquifer region, thus reduce the computational cost significantly. Figure 2 compares maps of height above oil-water contact in the streamline model and in the original geological model. Zero height (black) represents all grid blocks below or at the oil-water contact. Note that the removal of the aquifer blocks resulted in a large reduction in the total number of grid blocks: from 4.16 million down to 1.63 million. The size of each grid cell remains the same, i.e., same as in the geological model. The pressure data from wells that are in the aquifer region are used to specify the pressure at the pseudo-injectors along the reservoir boundary (Figure 3 ).
An important consideration in streamline simulation is to minimize the number of pressure updates to improve computational efficiency. In particular, for multimillion cell models, as is the case here, too many pressure updates can make the approach computationally prohibitive.
One approach to minimize the number of pressure updates is to simplify the well rate schedule using a moving average of the production or injection rates. Another approach is to make different well events coincide, for example rate changes and infill drilling. Rate schedules are re-arranged in such a way that we still honor the major changes but not minor fluctuations during the production history. It was noted that by reducing the pressure updates to 14, major pressure changes can be preserved reasonably, compared to monthly updates throughout the history. As an example, Figure 4 shows the average production rate for Well-14 used in the streamline model.
Ranking Criterion.
As mentioned before, we have used the volumetric sweep efficiency as our main ranking criterion. The volumetric sweep is one of the simplest performance measures that quantify the interactions between the uncertainties in the static model with the dynamic flow conditions. The streamline model is particularly well-suited for calculating the volumetric sweep based on the time of flight connectivity. 1, 6 Recall that the time-of-flight is simply the travel time of a neutral tracer along the streamlines as defined by, To account for changing field conditions such as infill drilling and rate changes, we update the streamlines and recomputed the time of flight distribution. While recomputing the time of flight distribution, we account for the aquifer influx during the previous time step. This is accomplished by simply resetting the saturation of the water-swept blocks to residual oil saturation rather than performing detailed numerical calculations along the streamlines. This approximation is quite satisfactory for ranking purposes and allows us to incorporate changing field conditions on the swept volume calculations without significantly compromising the computational efficiency of the streamline simulation. Additionally, a Heterogeneity Index (HI) is calculated for the simulated permeability fields which is defined by
HI = σ / R
Where, σ is the standard deviation and R is the correlation length. The selected realizations were also compared with respect to their HI.
Optimal
Upscaling. An important issue in upscaling, besides the choice of an appropriate technique, is the optimal level of coarsening. This is particularly critical for vertical upscaling because of the sharp contrast in the reservoir properties and the potential impact of continuous high/low permeability streaks on the flow performance. In this study the optimal vertical upscaling is determined by investigating the flood front based on the streamline time of flight. Our approach is based on the layer sweep at the end of 50 years history from the 93 layers model. The idea is to combine layers when they are close in average sweep values. As a result, 6 different vertical upscaling schemes are developed, namely 80, 66, 50, 36, 30, 20, and 11 layers. For upscaling purposes, we have used the sweep efficiency calculations based on the last pressure update, that is, the time of flight maps at the end of 50 years of production are used for each level of upscaling. The optimum level of vertical upscaling is then determined using both visual and quantitative analysis. The flood front distribution is plotted using time of flight values for each upscaling level, and vertical cross sections are visually compared. Also, layer sweeps are used to calculate a correlation coefficient as well as the variance and mean of the differences resulting from upscaling.
Results
In this section we discuss an application of the streamlinebased ranking and upscaling procedure to a Middle Eastern carbonate reservoir under a strong to moderate aquifer influx.
Ranking of Multiple Realizations:
A total of 48 realizations were used for ranking and subsequent detailed flow simulation in this study. Using streamline simulation, cumulative sweep efficiencies were calculated for each realization at the end of each pressure update interval. Figure 5 shows a plot of the cumulative sweep versus the STOIIP of the individual reservoir models. Note that the three clouds correspond to the three structures (low, medium and high). In this figure, the sweep efficiency numbers are generally higher for the realizations with the low structure compared to those with the higher structures. This is because the realizations with the lower structure have a smaller pore volume. Thus, for a fixed simulation time, these realizations have higher aquifer influx in terms of reservoir pore volume and this is partly reflected in the higher sweep calculations. To further examine this, the streamline simulation was carried out for an indefinite time. Figure 6 shows the result of three simulation runs with indefinite time. It can be seen that, at longer times, realizations with higher STOIIP will generally correspond to a higher sweep.
To diminish the impact of structural differences, the cumulative sweep efficiencies of all realizations were normalized using the following equation.
STOIIP Average
where, NS represents the normalized sweep, OS represents the original sweep as calculated by streamlines. Figure 7 shows the results for normalized sweep numbers versus STOIIP.
Using the criteria explained before, three realizations are picked for detailed finite difference simulation and history matching. These correspond to realizations number 41, 15, and 27 for the pessimistic, the most-likely and the optimistic cases, respectively. The properties of these realizations are summarized in Table- 2 which also shows the heterogeneity index of these three realizations. One can readily observe the decreasing heterogeneity for increasing sweep, as expected. These realizations were then used for history matching.
Optimal Upscaling: In our approach, the streamline time of flight maps were used for both visual and quantitative comparison of flood fronts with increasing level of vertical upscaling. Figure 8 -Figure 12 show the flood front location for 6 different levels of vertical upscaling, namely 93, 66, 50, 33, 20 and 11 layers, respectively. It can be seen that the optimum upscaling is somewhere between 20 and 30 layers. Figure 13 shows the layer sweep efficiency as a function of vertical upscaling level. As can be seen, the correspondence with the sweep efficiency from the fine scale model is quite good for up to 30 layers. Then the sweep starts deviating from the fine scale model. This again illustrates that we need 20 to 30 layers to adequately characterize the vertical heterogeneity in the finite difference model. Two statistical measures, namely correlation coefficient (Figure 14) and variance of difference (Figure 15) between the layer sweeps of fine scale models (93 layers) and upscaled models were calculated to quantitatively evaluate the results. From these two figures, it can be seen clearly that significant deviations occur when the grid is upscaled to 30 layers and less.
Based on these results, it was concluded that 30 layers in vertical direction are appropriate for finite difference simulation. As previously mentioned, the grouping of layers in the vertical direction was done by evaluating the sweep efficiency of the 93 layers (Figure 13 ) in such a way that the total number will give the desired total upscaled layers. Figure 16 and Figure 17 show a comparison of the fine scale and the upscaled distribution, at well location, for porosity and permeability, respectively. It can be seen that the overall feature of the fine scale description is maintained in the upscaled model.
After upscaling, a comprehensive history matching was done for the three selected realizations for the entire nineteen years of production history using objective criteria so that the quality of the three matches is similar. The parameters used to match the history are mainly the parameters that have not been accounted for in the static model, namely relative permeability and aquifer strength. The match is obtained without modifying the permeability distribution, and by fine tuning the relative permeability data within the measurements' uncertainty for each rock type. The historical data that were matched included water cut and measured pressure. The results of the history matching study can be found in Reference 11. The ease and quality of the history match appear to validate the geologic modeling and vertical upscaling procedure utilized in this study.
Summary and Conclusions

1.
We have presented the application of streamline simulation for ranking and upscaling of geostatistical models for a middle-eastern carbonate reservoir. Our approach accounted for various uncertainties in the static modeling via a hierarchical method. The ranking procedure allowed us to identify bounding cases for subsequent history matching and field development studies. 2. The streamline time of flight connectivity as proposed by Idrobo et al. 1 provides a general and effective approach to ranking geocellular models based on the interaction between the static model parameters and the dynamic flow conditions. The method can account for changing well conditions such as rate changes and infill drilling as demonstrated in the field application presented here. 3. The speed of the streamline-based ranking makes it practical to examine the impact of uncertainty associated with various static and dynamic parameters under realistic field conditions. 4. We have also demonstrated the use of streamline simulation for the determination of optimum upscaling both in qualitative and quantitative ways. 5. Successful application of the methodology was the key to achieve a satisfactory history match for the field example with minimal adjustments to the reservoir model. 1  4  7  10  13  16  19  22  25  28  31  34  37  40  43  46  49  52  55  58  61  64  67  70  73  76  79  82  85  88 
